Introduction {#sec1}
============

Genomic instability, a hallmark of cancer, leads to the accumulation of dynamic changes in the genome manifested as structural variants (SVs) that include quantitative (copy number variations \[CNVs\]), positional (translocations), or orientational (inversions) rearrangements. Fusion genes, frequently observed in cancer, are the consequences of such structural rearrangements of the genome[@bib1] resulting in the concatenation of two different genes or gene fragments. Fusion transcripts that originate from fusion genes are likely unique to a cancer type, which can be exploited to understand the underlying mechanisms of malignancy and can serve as effective diagnostic or prognostic markers.[@bib2]^,^[@bib3] These chimeras could contribute to oncogenicity by altering the expression of tumor suppressor or proto-oncogenes, or by modifying the original function of a protein resulting in an abnormal chimeric protein that stimulates tumorigenesis. Examples of established cancer-specific biomarkers include the nucleophosmin-anaplastic lymphoma tyrosine kinase (*NPM-ALK*) fusion transcript for the identification of *NPM-ALK*-positive anaplastic large cell lymphoma (ALCL), and *BCR-ABL1* fusion in chronic myeloid leukemia.[@bib4]^,^[@bib5] Chimeric genes have also been used for molecular subtyping of cancers, leading to the development of precisely targeted interventions, including heterogeneous cancers such as prostate cancer.[@bib6] Also, cancer-specific fusions can serve as ideal therapeutic targets leading to effective treatment strategies. Dasatinib, imatinib, and ponatinib are drugs that target the fusion gene *BCR-ABL1* in chronic myeloid leukemia.[@bib7]^,^[@bib8]

Although fusion transcripts in cancer resulting from chromosomal aberrations were identified more than six decades ago,[@bib9]^,^[@bib10] recent advances in next-generation sequencing (NGS) technologies have helped to advance this field immensely. Although fusions were initially found to be more prevalent in liquid cancers, later they were discovered to be prominent in solid tumors.[@bib11]^,^[@bib12] Furthermore, fusion transcripts were initially assumed to be exclusive to cancer cells, but several reports identified a large number of fusion transcripts in non-cancerous cells,[@bib13]^,^[@bib14] suggesting that they are prevalent in normal cells as well. Another less explored area is the concept of the transcriptionally induced fusions resulting from a spin-off of transcriptional deregulation, including read-through transcription of neighboring genes or *cis*-splicing or *trans*-splicing events.[@bib15], [@bib16], [@bib17], [@bib18], [@bib19] This notion expands the space for a large number of fusion transcripts that were earlier unexplored due to the lack of supporting evidence at the structural variation level in the genome. Finally, evidence of natural antisense transcript (NAT) expression for at least 38% of the annotated transcripts in the cancer genome further adds to the pool of unexplored fusions containing antisense transcripts.[@bib20]

The advances in NGS technologies have fueled the prospects of discovering therapeutically actionable fusion transcripts in cancer cells, leading to the development of a plethora of algorithms to detect fusions from both genomic and transcriptomic sequences.[@bib21], [@bib22], [@bib23] Most of the popular fusion detection algorithms rely on the alignment of NGS reads to the reference transcriptome,[@bib24]^,^[@bib25] but they do not compensate for the extensive perturbations in the transcriptomes resulting from structural variations prevalent in the cancer genomes. This alignment technique potentially misses several true fusion events due to poor alignment of reads from the perturbed cancer transcriptome to the reference sequences. Of the several algorithms available for identifying fusion transcripts from RNA sequencing (RNA-seq), a novel alignment-free algorithm, ChimeRScope, developed recently by our group, performed superiorly compared to other popular tools with higher specificity and sensitivity.[@bib16] ChimeRScope employs short k-mer-based unique transcript fingerprints to serve as a reference to match with k-mers from cancer transcriptome reads and identify fusion transcripts in cancer cells that harbor frequent chromosomal abnormalities and mutations.

Using ChimeRScope, we explored the fusion landscape of 8,883 primary tumor transcriptomes and 802 cancer cell lines, using TCGA (The Cancer Genome Atlas, <https://www.cancer.gov/about-nci/organization/ccg/research/structural-genomics/tcga>) and CCLE (Cancer Cell Line Encyclopedia, <https://www.broadinstitute.org/ccle>) datasets across 33 cancers. TCGA harbors the most extensive cancer omics data with more than 11,000 patient samples spanning across 33 cancer types and provides a platform for integrative molecular analysis of cancer. Although the fusion landscape of several major cancer types from TCGA was analyzed before,[@bib26], [@bib27], [@bib28], [@bib29], [@bib30] the fusion detection methods employed were primarily alignment-based with limited sensitivity and the overlap among these reports was sparse.[@bib25]^,^[@bib31]^,^[@bib32] Importantly, most of these studies were limited only to fusions with evidence at the genomic level or to canonical fusions (both partners in the sense orientation). In contrast, we used ChimeRScope in this study to explore the entire gamut of fusions, including the canonical and non-canonical (one or both transcripts in antisense orientation) types as well as the potentially transcription-induced fusions (with lacking evidence of fusion at the genome level). We also screened for fusions that are recurrent in the common cancer cell lines (CCLE) as a means to corroborate fusions that are co-occurring in corresponding primary tumors. Fusions in CCLE that are also detected in TCGA patients serve as a valuable resource to carry out mechanistic studies aimed at exploring the functional significance of these events. Furthermore, the fusions identified in cell lines could be rapidly tested to understand the mechanistic bases that generate different species of fusions in cancer. The novelties of our work include the use of an alignment-free fusion prediction tool,[@bib23] comprehensive analysis of different types of fusion transcripts that include canonical and non-canonical fusions, and detection of potentially transcriptome-induced fusions. In addition to fusion detection from 33 cancer types, we also experimentally validated some of the predicted fusions by Sanger sequencing of fusion transcripts identified from CCLE cell lines. To our knowledge, the catalog of fusions and the analysis results presented in this report are the most comprehensive and insightful to date. Data from this study present a vast pool of common unreported fusion events across several cancer types and non-canonical transcripts whose relevance and clinical significance are yet to be explored.

Results {#sec2}
=======

Fusion Gene Distribution in Tumor and Normal Samples {#sec2.1}
----------------------------------------------------

We comprehensively screened 8,883 primary tumor and 730 normal adjacent-tissue samples spanning 33 cancer types from TCGA in this study ([Table 1](#tbl1){ref-type="table"}). BRCA (breast invasive carcinoma) followed by LGG (brain lower grade glioma), LUAD (lung adenocarcinoma), LUSC (lung squamous cell carcinoma), and PRAD (prostrate adenocarcinoma) are the most dominant types analyzed, with 500 or more tumor samples in each cancer type. CHOL (cholangiocarcinoma), DLBC (lymphoid neoplasm diffuse large B cell lymphoma), and UCS (uterine carcinosarcoma) are among those with the smallest sample sizes, with approximately 50 tumors. The sample sizes of matched adjacent-normal and tumor tissues are not consistent across cancer types in TCGA. BRCA and kidney renal clear cell carcinomas (KIRCs) are among the highest number of matched adjacent-normal samples, but some cancers have few or none. To compensate for the lack of normal samples for some cancer types, fusions identified in any normal sample were filtered out from fusions identified in any tumor sample. Another rationale to remove all fusions identified from adjacent normal tissues was the possibility of library construction or alignment artifacts that could lead to false positives.[@bib33] A few well-known cancer-associated fusions, such as *TMPRSS2-ERG* and *BCR-ABL1*, were also identified in some normal samples. *TMPRSS2-ERG* fusion was identified in three matching normal and tumor samples in prostate adenocarcinoma; hence, these cases could have resulted from sample contamination with the tumor. Similarly, *BCR-ABL1* fusion, the prognostic marker for chronic myeloid leukemia, was identified in one of the normal samples in KIRC. To include the well-characterized cancer-associated fusions found in the normal samples, we retained all of the cancer fusions cataloged in the COSMIC (<https://cancer.sanger.ac.uk/cosmic/fusion>) database. In addition to these inconsistencies, we also identified 202 fusions from normal samples that were identified as tumor-associated fusions by a recent report[@bib28] ([Figure S1](#mmc1){ref-type="supplementary-material"}). Since we identified these fusions in the control samples, they were also eliminated from further analyses.Table 1List of TCGA and CCLE samples analyzed in this studyTCGA-AcronymCancerTumor Samples Processed (%)Normal-Adjacent Samples Processed (%)Cell Lines Processed (%)TCGA-ACCadrenocortical carcinoma79 (0.9)00TCGA-BLCAbladder urothelial carcinoma408 (4.6)19 (2.6)26 (3.2)TCGA-BRCAbreast1,094 (12.3)113 (15.5)52 (6.5)TCGA-CESCcervical squamous cell carcinoma and endocervical adenocarcinoma304 (3.4)3 (0.4)22 (2.7)TCGA-CHOLcholangiocarcinoma36 (0.4)9 (1.2)0TCGA-COADcolon adenocarcinoma244 (2.7)41 (5.6)58 (7.2)TCGA-DLBClymphoid neoplasm diffuse large B cell lymphoma48 (0.5)054 (6.7)TCGA-ESCAesophageal carcinoma161 (1.8)11 (1.5)25 (3.1)TCGA-GBMglioblastoma117 (1.32)5 (0.7)0TCGA-HNSChead and neck squamous cell carcinoma458 (5.2)44 (6.0)32 (4)TCGA-KICHkidney chromophobe65 (0.7)24 (3.3)0TCGA-KIRCkidney renal clear cell carcinoma474 (5.3)72 (9.9)21 (2.6)TCGA-KIRPkidney renal papillary cell carcinoma288 (3.2)32 (4.4)0TCGA-LAMLacute myeloid leukemia131 (1.5)00TCGA-LGGbrain lower grade glioma508 (5.7)063 (7.9)TCGA-LIHCliver hepatocellular carcinoma371 (4.2)50 (6.8)30 (3.7)TCGA-LUADlung adenocarcinoma506 (5.7)59 (8.1)0TCGA-LUSClung squamous cell carcinoma501 (5.6)49 (6.7)184 (22.9)TCGA-MESOmesothelioma86 (1)01 (0.1)TCGA-OVovarian305 (3.4)045 (5.6)TCGA-PAADpancreatic adenocarcinoma182 (2)4 (0.5)41 (5.1)TCGA-PCPGpheochromocytoma and paraganglioma178 (2)3 (0.4)0TCGA-PRADprostate adenocarcinoma497 (5.6)52 (7.1)7 (0.9)TCGA-READrectum adenocarcinoma94 (1.1)10 (1.4)0TCGA-SARCsarcoma259 (2.9)2 (0.3)38 (4.7)TCGA-SKCMskin cutaneous melanoma103 (1.2)1 (0.1)51 (6.4)TCGA-STADstomach adenocarcinoma375 (4.2)32 (4.4)37 (4.6)TCGA-TGCTtesticular germ cell tumors150 (1.7)00TCGA-THCAthyroid carcinoma426 (4.8)58 (7.9)12 (1.5)TCGA-THYMthymoma119 (1.3)2 (0.3)0TCGA-UCECuterine corpus endometrial carcinoma180 (2.0)35 (4.8)3 (0.4)TCGA-UCSuterine carcinosarcoma56 (0.6)00TCGA-UVMuveal melanoma80 (0.9)00[^1]

To limit our analyses to high-confidence fusions, only the recurring fusions (those occurring more than once within or across any cancer type) were analyzed in this study. After removing fusions from normal adjacent samples and fusions that did not pass our stringent filters, 4,344 recurrent fusions were identified. They include canonical, non-canonical, or read-through types. Of all of the predicted fusions across 33 cancer types, breast carcinoma accounted for the largest share (57.4%), followed by LUSC (9.8%), HNSC (head and neck squamous cell carcinoma) (4.1%), and BLCA (bladder urothelial carcinoma) (4%) ([Table S1](#mmc2){ref-type="supplementary-material"}). We also noted significant differences in the percentage of samples containing at least one recurrent fusion across cancer types. For example, LUSC, UCS, and SARC (sarcoma) contained the highest number of samples with at least one recurrent fusion (\>90%), while UVM (uveal melanoma), OV (ovarian serous cystadenocarcinoma), and THCA (thyroid carcinoma) had the lowest number of samples with at least one recurrent fusion (\<40%).

Analysis of Mixed Species of Fusion Transcripts {#sec2.2}
-----------------------------------------------

We identified four distinct species of fusion transcripts among those predicted by ChimeRScope. These include fusions with (1) both partner transcripts in the sense orientation; (2) the 5′ partner in sense and the 3′ partner in antisense orientation; (3) the 5′ partner in antisense and the 3′ partner in sense orientation; and (4) both partner transcripts in antisense orientation. The first class of fusions is referred to as "canonical" because the intended functions of both genes are likely to be preserved. However, the last three species of fusions have at least one partner transcript in antisense orientation, which could lead to a variety of functional alterations. These groups are together referred to as 'non-canonical' fusions. The percentage of canonical and non-canonical fusions varied vastly across the cancer types studied both in TCGA and CCLE data ([Figure 1](#fig1){ref-type="fig"}A; [Table S1](#mmc2){ref-type="supplementary-material"}).Figure 1Representation of Different Types of Fusions Identified in TCGA and CCLE33 cancers were analyzed in TCGA and 20 in CCLE. Each cancer in TCGA is color-coded based on the organ system. (A) Pie charts illustrate fusion percentage in the cancers of organ systems analyzed in this study. The percentage of recurrent canonical (red) and non-canonical (blue) fusions in each cancer is represented by pie charts and is calculated without considering the read-through fusions identified in each cancer type. (B) The table represents the total number of samples analyzed and the percentage of samples with canonical or non-canonical fusions in each cancer. Note that the percentages are overlapping, as a sample may contain both canonical and non-canonical recurrent fusions.

Overall, canonical fusions were predicted at a much higher rate than non-canonical fusions in most cancers with two striking extremities: glioblastoma showed the highest number of canonical fusions (100%) while breast cancer had the highest number of non-canonical fusions (79%) in TCGA samples. UVM and THYM (thymoma) also displayed a very high fraction (\>90%) of canonical fusions. In general, a very high percentage of CCLE samples contained recurrent fusions across all cancers compared to those of TCGA ([Figure 1](#fig1){ref-type="fig"}B). Results from CCLE samples mostly corroborate the results from TCGA with a few exceptions. MESO (mesothelioma) and PAAD (pancreatic adenocarcinoma) had more non-canonical fusions in CCLE than did corresponding primary tumors in TCGA. Alternatively, OV and BRCA had more canonical fusions in CCLE samples than in TCGA. Most of the CCLE samples showed an even distribution of canonical and non-canonical fusions. In contrast, TCGA samples contained predominantly canonical fusions with a relatively small proportion (less than 10%) of non-canonical ones.

Frequency of Recurrent Fusions in TCGA Samples {#sec2.3}
----------------------------------------------

Among the canonical fusions identified by ChimeRScope across 33 cancer types in TCGA, 1,665 fusions were recurrent (n ≥ 2) either within or across cancers, and we focused our further analyses on these recurrent fusions. The top 40 recurrent fusion gene pairs and their frequencies across cancers are presented in [Figure 2](#fig2){ref-type="fig"}, and a full list of the recurrent fusions is provided in [Table S2](#mmc2){ref-type="supplementary-material"}. Frequent fusions partnering with a kinase (mitogen-activated protein kinase-activated protein kinase 5 \[*MAPKAPK5*\]), a receptor (cholinergic receptor muscarinic 3 \[*CHRM3*\]), a transporter (solute carrier organic anion transporter family member 1A2 \[*SLCO1A2*\]), or an ATP-binding cassette subfamily C member 9 (*ABCC9*) were detected in more than 13 cancer types. Among the fusions represented in [Figure 2](#fig2){ref-type="fig"}, those containing G protein-coupled receptor (MAS-related G protein-coupled receptor member X3 \[*MRGPRX3*\]), *SLCO1A2*, and *CHRM3* were recurrent, with more than 50 occurrences (indicated by red and green boxes) within a cancer type ([Table S2](#mmc2){ref-type="supplementary-material"}).Figure 2Heatmap Representing the Top 40 Recurrent Canonical Fusions Predicted in TCGA TumorsNormalized fusion frequencies across cancers are represented as a heatmap.

ChimeRScope predictions revealed several new associations for known cancer fusions ([Table S2](#mmc2){ref-type="supplementary-material"}) with unknown cancer types. For example, our analysis shows that *PTPRK*-*RSPO3* (protein tyrosine phosphatase receptor type K and R-spondin 3) gene fusion known to be associated with colon cancer[@bib34]^,^[@bib35] was also identified in READ (rectum adenocarcinoma) and STAD (stomach adenocarcinoma) along with the COAD (colon adenocarcinoma), which suggests that these gene rearrangements might be a common genetic event in intestinal cancers. *FGFR3*-*TACC3* (fibroblast growth factor receptor 3 and transforming acidic coiled-coil containing protein 3) fusion associated with multiple cancers[@bib33], [@bib36], [@bib37] was also found to be recurrent in BLCA, ESCA (esophageal carcinoma), CESC (cervical squamous cell carcinoma and endocervical adenocarcinoma), HNSC, LIHC (liver hepatocellular carcinoma), and LUSC. The occurrence of *FGFR3*-*TACC3* fusion in CESC, ESCA, and LIHC has not been reported previously, signifying that this common fusion is prevalent in more tissue types than previously discovered. Other FGFR fusions partnering with BicC family RNA binding protein 1 (*BICC1*), shootin 1 (*SHTN1*), glyceraldehyde 3-phosphate dehydrogenase (GAPDH), and arginyltransferase 1 (*ATE1*) have also been detected in multiple cancers from our analysis. Several of these FGFR fusions have been identified as activating fusions that have been linked to activation of downstream genes.[@bib38] These fusions could be investigated as an attractive actionable target for chemotherapy. Following the same trend, *ETV6*-*NTRK3* (ETS variant 6 and neurotrophic tyrosine kinase, receptor, type 3) fusions were also identified in multiple cancers including breast, colon, skin, and thyroid cancers. This *ETV6* fusion with *NTRK3* has also been identified as oncogenic by the activation of the Ras-MAPK and phosphatidylinositol 3-kinase (PI3K)-AKT pathways.[@bib39] In contrast, most of the *ESR1* (estrogen receptor 1) fusions except for *ESR1*-*CCDC170* (coiled-coil domain containing 170) were found to be exclusively present in breast cancer. *ESR1*-*CCDC170* was also identified in uterine cancers. This fusion was reported to be enriched in luminal-B tumors,[@bib40] which increases the aggressiveness of estrogen receptor (ER)^+^ breast cancer cell phenotype by enhancing cell migration, invasion, and reducing endocrine sensitivity.[@bib40] Since these fusions were also identified in uterine cancers, a similar hormone-dependent phenotype linked to this fusion may exist in uterine carcinoma. The ESR1 locus was reported to have several amplifications in TCGA datasets.[@bib41] Several other fusion partners of ESR1 were also identified in breast cancer exclusively, including *TMEM12*, collagen (*COL1A1*, *COL3A1*), actin (*ACTB*, *ACTG1*), and *IGFBP5* (insulin-like growth factor \[IGF\] binding protein 5).

The genes participating in recurrent canonical fusions were enriched by various oncogenic signaling pathways. Ingenuity Pathway Analysis (IPA) revealed the enrichment of these fusion genes in several signaling pathways, including *EIF2* (eukaryotic translation initiation factor 2), *TGFB1* (transforming growth factor \[TGF\] beta 1), *VEGF* (vascular endothelial growth factor), *HER2* (human epidermal growth factor receptor 2), and estrogen receptor signaling, suggesting that most of these fusions have the potential for oncogenicity regardless of the tissue type ([Table S3](#mmc2){ref-type="supplementary-material"}).

Understanding the landscape of genes forming recurrent fusions either within or across cancers can provide significant insight into the mechanisms of fusion gene formation. Frequencies of genes participating in canonical and non-canonical fusions in TCGA indicate that some genes are frequently fused with the same partner. For example, *CHRM3* was one of the most frequent fusion gene partners in 15 cancers in both canonical and non-canonical fusions ([Figure S2](#mmc1){ref-type="supplementary-material"}A).

Frequency of Recurrent Non-canonical Fusions in TCGA {#sec2.4}
----------------------------------------------------

Out of the 2,605 recurrent non-canonical fusions in TCGA, several fusions were identified in 10 or more cancers ([Table S4](#mmc2){ref-type="supplementary-material"}). Interestingly, note that although most of the cancers in TCGA had recurrent non-canonical fusions, these fusions were detected from a small percentage of samples. *IL34* was one among the top recurrent gene among non-canonical fusions identified in eight cancers ([Figure S2](#mmc1){ref-type="supplementary-material"}B). *IL34* expression has been associated with the progression of tumor growth, metastasis, and poor prognosis in several cancers.[@bib42], [@bib43], [@bib44] IPA of transcripts participating in recurrent non-canonical fusions revealed the enrichment of several important cancer-related pathways, including eIF2 and eIF4 (eukaryotic initiation factors), GP6 (glycoprotein VI), mTOR (mammalian target of rapamycin), ILK (integrin-linked kinase), and HIF1a (hypoxia-inducible factor 1) signaling pathways ([Table S5](#mmc2){ref-type="supplementary-material"}). Some genes in these pathways are important targets for chemotherapy[@bib45] and could be explored for identifying actionable targets.

Distribution of Fusion Breakpoints in the Exons of Partner Genes {#sec2.5}
----------------------------------------------------------------

To understand the breakpoint preference among canonical and non-canonical fusions, we classified fusions based on the distance of breakpoint (at the fusion junction) from the participating exon boundaries as E-E (both breakpoints close to the exon boundaries), E-M or M-E (only one of the breakpoints near the boundary), and M-M (both breakpoints away from the exon boundaries) (refer to [Materials and Methods](#sec4){ref-type="sec"}). If the breakpoint in exons occurs randomly, the proportion of each class should be one-third, but if the breakage event happens preferentially near exon boundaries, there should be a higher proportion of E-E fusions. Our results showed that canonical fusions in most cancers in TCGA belonged to the E-E category except for UVM and BRCA, which exhibited the highest numbers of fusions in the E-M category ([Figure S3](#mmc1){ref-type="supplementary-material"}A). UVM (25%), BRCA (23%), OV (18%), and kidney cancers (KIRC, 14% and KIRP \[kidney renal papillary cell carcinoma\], 16%) had some of the highest frequency of fusions falling into the M-M region. Since the majority of breakpoints in canonical fusions fall into the E-E regions, these fusion events are likely influenced by the intragenic splicing mechanism as suggested in an earlier report.[@bib14] Since fusions involving genes in opposite transcriptional orientation (antisense) would have different intron-exon structures, we predicted that most of the fusion junctions would not be in the standard exon-intron junctions (E-E regions). As expected, fusion breakpoints in the non-canonical fusions were frequent in the E-M and M-M region when compared to those of the canonical fusions ([Figure S3](#mmc1){ref-type="supplementary-material"}B).

Kinase Partners with Fusion Transcripts from Tumor Samples {#sec2.6}
----------------------------------------------------------

Several reports suggest the heavy involvement of kinases in fusion transcripts is an indicator of oncogenic driver events in some cancers.[@bib28]^,^[@bib33] To investigate the type and frequency of kinases predicted by ChimeRScope, we compared our fusion transcripts against known human kinases. The percentages of kinases identified among canonical and non-canonical fusions in TCGA are listed in [Table S6](#mmc2){ref-type="supplementary-material"}. Approximately 7% of the recurrent canonical fusions identified from tumor samples contained a kinase gene. Thyroid carcinoma had a very high percentage of recurrent canonical kinase fusions when compared to the rest of the cancers (\>60%) ([Figure S4](#mmc1){ref-type="supplementary-material"}). An earlier report[@bib33] also identified a high percentage of recurrent kinase fusions in thyroid cancer, indicating that kinase fusions could be explored as biomarkers or therapeutic targets in this cancer. Although the number of recurrent canonical fusions detected in GBM (glioblastoma multiforme) and CHOL was rather low, more than 15% of the fusions identified in these cancers contained a kinase. Several kinase fusions were recurrent across multiple cancers, with some fusions identified in five or more cancer types ([Table S7](#mmc2){ref-type="supplementary-material"}). Several kinases including *SMG1* (nonsense-mediated mRNA decay associated PI3K related kinase), ERBB2 (erb-b2 receptor tyrosine kinase 2), *RET* (rearranged during transfection), and *FGFR2* (fibroblast growth factor 2) were promiscuous with more than three partners across cancer types ([Figure S5](#mmc1){ref-type="supplementary-material"}). *MAPKAPK5* specifically fused with *ACAD10* (acyl-CoA \[coenzyme A\] dehydrogenase family member 1) in 22 occurrences across 16 cancer types. *EML4* (echinoderm microtubule-associated protein-like 4) fusions with *ALK* (ALK receptor tyrosine kinase) that were previously associated with non-small-cell lung cancer (NSCLC) were identified in LUAD along with KIRP and THCA at low frequency. A different *ALK* fusion, *STRN* (Striatin)-*ALK* was also expressed in KIRP and THCA at low frequencies. Pathway analysis for these recurrent kinase fusions revealed several highly enriched pathways related to cancer, including nuclear factor κB (NF-κB) signaling, FGF signaling, regulation of the epithelial-mesenchymal transition pathway, PTEN signaling, FAK signaling, gap junction signaling, HER-2 signaling in breast cancer, IGF-1 signaling, and ERK (extracellular signal-regulated kinase)/MAPK signaling ([Table S8](#mmc2){ref-type="supplementary-material"}), signifying that these fusion genes could affect oncogenesis.

Compared to recurrent canonical fusions, significantly few kinases were identified among non-canonical fusions in TCGA ([Table S9](#mmc2){ref-type="supplementary-material"}). A fusion containing *PRKCA* (protein kinase C alpha) was the most frequent, identified in five of the cancers screened. Half of the cancers did not have recurrent non-canonical fusions that involved a kinase gene, indicating that this is a rare phenomenon in most cancers. Understanding the mechanism of non-canonical fusion formation would help address this bias in kinase frequency among these fusion types.

Fusions Containing an Oncogene or Tumor Suppressor Gene {#sec2.7}
-------------------------------------------------------

Since alteration of oncogene or tumor suppressor functions can be key to the initiation and progression of cancer, we also screened for these fusions in our dataset. Of the recurrent canonical fusions identified in TCGA samples, 211 fusions contained at least one oncogene or tumor suppressor gene (TSG) ([Table S10](#mmc2){ref-type="supplementary-material"}). Fusions containing *PRKAR1A* (protein kinase cyclic AMP \[cAMP\]-dependent type I regulatory subunit, oncogene/TSG), *FGFR3* (oncogene), *MKL1* (oncogene/TSG), *NCOR2* (nuclear receptor corepressor 2, TSG), *CCDC6* (coiled-coil domain containing 6, TSG), and *SUZ12* (oncogene/TSG) were identified in more than four cancer types. *CCDC6*-*RET* fusions in thyroid and *CBFB*-*MYH11* (core-binding factor, beta subunit and myosin heavy chain 11) fusions in LAML (acute myeloid leukemia) were recurrent. *CCDC6*-*RET* fusion was identified in lung adenocarcinoma and colon cancer, consistent with earlier reports.[@bib33] We also identified other fusion partners for *RET*: *ERC1* (ELKS/RAB6-interacting/CAST family member 1)-*RET* (BRCA, THCA) and *NCOA4* (nuclear receptor coactivator 4)-*RET* (THCA). *RET* fusions seem to be recurrent in thyroid cancer, providing strong justification for targeted treatment approaches in this cancer. *SUZ12* participated in recurrent fusions across 11 cancer types. *PRKAR1A* fusions were recurrent across and within several cancer types. *PRKAR1A* fused with multiple partners; out of these, COBW domain-containing proteins (*CBWD3*, *CBWD5*, *CBWD6*) were identified in several cancers, including lung and bladder cancer.

The percentage of TSG/oncogene fusions among the recurrent non-canonical fusions predicted was similar to those in the canonical fusions, although the majority of these fusions were identified from BRCA ([Table S11](#mmc2){ref-type="supplementary-material"}). Fusions containing *VHL* (von Hippel-Lindau tumor suppressor), *AXIN2* (axin 2, tumor suppressor), and *KDM5A* (lysine-specific demethylase 5A, oncogene) were identified in three or more cancers. Several fusions containing *B2M* (β-2 microglobulin), an important tumor suppressor in immune response, were detected in breast cancer, warranting the need to investigate the functional consequence of these fusions. Another interesting observation of breast cancer was the occurrence of *ErbB2* fusions. BRCA samples that are HER2 positive or the HER2-E PAM50 subtype had statistically higher *ErbB2* fusions (Fisher's exact test p = 0.004 and 0.002, respectively). HER2A-amplified BRCA also had a higher percentage of ErbB2 fusions (Fisher's exact test p = 0.0001), which were reflected in higher ErbB2 expression (Fisher's exact test p = 1.2E−05). Overexpression of *ErbB2*, a receptor tyrosine kinase with intrinsic tyrosine kinase activity, is associated with breast cancer metastasis and lower survival rates.[@bib46] These observations indicate the need to investigate *ErbB2* fusions in breast cancer and their association with gene expression and patient survival.

Recurrent Fusions in Oncogenic Pathways {#sec2.8}
---------------------------------------

To investigate oncogenic pathways that are affected by fusions in each TCGA cancer type, we cataloged recurrent fusions identified across 10 important oncogenic pathways (selection based on a previous report[@bib47]). *RTKRAS*, *NOTCH*, *PI3K*, and *HIPPO* signaling pathways were found to be the most affected oncogenic pathways by recurrent canonical fusions ([Figure 3](#fig3){ref-type="fig"}A; [Table S12](#mmc2){ref-type="supplementary-material"}). Thyroid cancer had more than 50% of the recurrent canonical fusions in the RTK (receptor tyrosine kinase)-RAS pathway, with a high frequency of *CCDC*-*RET* fusion. The frequency of non-canonical fusions in these selected oncogenic pathways was relatively less compared to canonical fusions, except for BRCA ([Figure 3](#fig3){ref-type="fig"}B). Interestingly, fewer than 4% of the genes in these oncogenic pathways participated in canonical recurrent fusions, whereas participation in recurrent non-canonical fusions was even less (2%).Figure 3Frequency of Recurrent Canonical and Non-canonical Fusions in TCGA among Nine Oncogenic PathwaysGene frequencies were normalized against sample size, recurrent fusion frequency in each cancer, and genes in each pathway. (A) Canonical fusions. (B) Non-canonical fusions.

Distribution of Read-Through Fusions across Cancers {#sec2.9}
---------------------------------------------------

Along with fusion transcripts resulting from structural rearrangements or *trans*-splicing events, we also analyzed fusions that resulted from read-through events. We identified 351 such events across 33 cancers, with sparse representation from most cancer types, out of which 74 were recurrent ([Table S13](#mmc2){ref-type="supplementary-material"}). OV, ESCA, and LAML mainly contributed to the pool of read-through fusions (\>40%) while some cancers have none ([Table S1](#mmc2){ref-type="supplementary-material"}). Several common fusions were identified across multiple cancers. For example, *ZCCHC8*-*RSRC2* fusion was detected in five cancers (BLCA, BRCA, CESC, HNSC, and PAAD) at very low frequency ([Table S13](#mmc2){ref-type="supplementary-material"}). This read-through fusion has been recently reported in acute lymphoblastic leukemia[@bib48] and other cancers[@bib27] but it has not been detected before in pancreatic and cervical cancer.

Comparison of Recurrent Fusions across Cancer Types in TCGA Samples {#sec2.10}
-------------------------------------------------------------------

We compared the landscape of recurrent fusions across all cancers in TCGA to understand the similarities and differences among them. The similarities among cancers are determined based on their recurrent fusion profile in multiple cancers. The fusion profiles of various cancers were vastly diverse, with high variability in both abundance and frequency of individual fusions. BRCA, LUSC, HNSC, and BLCA had some of the highest frequency of fusions (\>600 in each), while MESO, KICH (kidney chromophobe), GBM, and UVM had the lowest number of fusions (\<30 in each) ([Table S1](#mmc2){ref-type="supplementary-material"}). Cancers also exhibited variability in the abundance of non-canonical fusions. Cancers that generally had higher canonical fusions also had higher non-canonical fusions, with a few exceptions.

Large variations in the chromosomal location of genes participating in canonical and non-canonical fusions were identified from our analysis. For example, canonical fusions were frequent in the genes located on chromosomes 1, 4, 6, 7, 16, and 17 in more than half of the cancers in TCGA ([Figure S6](#mmc1){ref-type="supplementary-material"}A). LUAD and LUSC had a large fraction of genes on chromosome 21 that participated in canonical fusions. Since several other chromosomes with high fusion occurrence were also shared between these cancers, it would be beneficial to investigate these regions further to identify hotspots for gene fusion. Genes on chromosomes 1, 3, 17, 12, and 19 were frequently involved in non-canonical fusions in more than half of the cancers in TCGA ([Figure S6](#mmc1){ref-type="supplementary-material"}B).

We constructed an all-to-all cancer similarity matrix using recurrent canonical fusions to compare and contrast the cancers based on their fusion transcript profiles. The highest similarity was observed between LUSC and THYM (similarity score = 0.84) ([Figure S7](#mmc1){ref-type="supplementary-material"}A). LUSC and THYM shared 39 recurrent fusions, including *RAB3IP* (interactor of the Ras-like GTPase Rab3A) and *CHRM3* as recurrent 5′ fusion partners with other genes in both cancers. *RAB3IP* and *CHRM3* are both proto-oncogenes associated with colon and liver metastasis.[@bib49], [@bib50], [@bib51] We also identified *RAB3IP* fusions in gastrointestinal (GI) cancers, including STAD, COAD, CHOL, and LIHC. LUSC displayed the highest degree of similarity with other cancer types (average similarity across all cancers = 0.36), suggesting that LUSC shares a fusion landscape with several other cancer types. It is important to investigate such fusion signatures across tumors to understand common pathways contributing to cancer development. GBM exhibited the least degree of similarity across cancers (average similarity = 0.27), which is most likely due to the low frequency of unique fusions detected in these samples.

Hierarchical clustering of recurrent canonical fusions to classify similar TCGA tumors identified several distinct clusters ([Figure S7](#mmc1){ref-type="supplementary-material"}B). Breast and female reproductive cancers (OV and UCS) and GI tract cancers (ESCA, STAD, LIHC, PAAD, and READ) clustered as two separate groups, indicating similarities in the fusion profiles among these cancers. Several cancers originating from similar cells or organ systems also clustered together. For example, uterine (UCEC \[uterine corpus endometrial carcinoma\] and UCS), kidney (KIRC and KIRP), lung (LUAD and LUSC), and melanoma of the skin and eye (SKCM \[skin cutaneous melanoma\] and UVM) exhibited similar fusion profiles. In addition, cancers with squamous histology (LUSC, HNSC, CESC, and BLCA) clustered together, indicating similarities in the fusion profile.

Since several GI cancers in TCGA clustered together, showing a similarity in recurrent canonical fusion profile, we further analyzed the recurrent fusions identified in the GI tract cancers. Fusions involving *CHRM3* were expressed in several GI tract cancers studied. *CHMR3* is reported to play an essential role in regulating cell proliferation and migration of several cancers, including colon and gastric cancers.[@bib52]^,^[@bib53] In addition to GI cancers, ovarian, cervical, and Merkel cell cancer have shown evidence of activated muscarinic receptor expression leading to cell proliferation, survival, migration, and angiogenesis.[@bib54]^,^[@bib55] Pathway analysis of common fusion transcripts across cancers of the GI tract using IPA has identified the TR (thyroid hormone receptor)/RXR (retinoid X receptor) activation pathway as enriched (Benjamini-Hochberg \[BH\] multiple testing correction p = 0.003). RXR is a master regulator and plays a central role in nuclear signaling, and a truncated RXR has been associated with oncogenicity.[@bib56]

Clustering of non-canonical recurrent fusions identified across cancers also revealed a similar pattern, with some notable differences ([Figures S8](#mmc1){ref-type="supplementary-material"}A and S8B). In this case, endocrine cancers (PCPG \[pheochromocytoma and paraganglioma\] and ACC \[adrenocortical carcinoma\]) were clustered together, but uterine, kidney, lung, and melanomas were found to be distributed in different clusters. Cancers with squamous histology clustered together for both recurrent canonical and non-canonical fusions, indicating that they exhibited similar profiles for both the fusion types.

Recurrent Druggable Fusions {#sec2.11}
---------------------------

To evaluate the therapeutic implications of the recurrent fusions identified, we screened for recurrent gene fusions that were druggable. A fusion was defined as druggable if the evidence supporting the role of fusion was reported in DEPO,[@bib57] oncoKB,[@bib58] or Cancer Genome Interpreter databases.[@bib59] In total, 25 unique druggable fusions were identified across the canonical fusions, of which FGFR2 and RET can be potential targets in three fusions each ([Table S14](#mmc2){ref-type="supplementary-material"}). A total of 14 genes participating in canonical fusions identified by ChimeRScope were targeted by 36 drugs in 21 different cancers. As shown in [Figure 4](#fig4){ref-type="fig"}, FGFR3 is the most common drug target among the six tumors. Both THCA and LUAD have the highest number of drugs (US Food and Drug Administration \[FDA\] approved or in various stages of clinical trials), targeting five genes in each tumor. UCS has the lowest number of targeted drug-gene interactions, with only one targeted gene, ESR1. The most frequent drug among the dataset is AZD4547, which targets FGFR genes (FGFR2 and FGFR3). ESR1 was a common drug target among both BRCA and UCS. Among the recurrent non-canonical fusions, ErBB2 and ESR1 fusions were druggable and were only identified in breast cancer samples.Figure 4List of TCGA Cancers and Genes Participating in Recurrent Canonical Fusions Targeted by DrugsDrugs include both those approved by the FDA and those in various stages of clinical trials. 14 genes participating in canonical fusions were targeted by 36 drugs in 21 different cancers as shown in the figure.

We also identified several fusions that could be repurposed to target the same genes but in different cancers. For example, loratinib is an FDA-approved drug for metastatic NSCLC that targets the ALK gene. We identified ALK gene fusions in other cancers, including KIRP, LUAD, and THCA ([Table S14](#mmc2){ref-type="supplementary-material"}). These findings open up opportunities for repurposing drugs across pan-cancer targets in basket trials.

Fusions Identified from Cancer Cell Lines {#sec2.12}
-----------------------------------------

To compare against the predicted recurrent fusions from TCGA primary tumor data, we also analyzed transcriptome-sequencing data from 802 common laboratory cell lines (from CCLE) that originated from 20 different tissues ([Table 1](#tbl1){ref-type="table"}; [Table S15](#mmc2){ref-type="supplementary-material"}). The sample sizes for CCLE cell lines varied, with lung squamous cell carcinoma having the largest size and mesothelioma having the smallest size. Colon, pancreatic, esophageal, and lymphoma cell lines had higher than average fusion frequency per cell line. Thyroid, skin, and bladder cancer cell lines had the least number of fusions. We identified 2,524 unique recurrent fusions from these cell lines with approximately equal distribution of canonical and non-canonical fusions ([Figure 1](#fig1){ref-type="fig"}; [Tables S1](#mmc2){ref-type="supplementary-material"}6 and [S17](#mmc1){ref-type="supplementary-material"}).

The percentage of non-canonical fusions in CCLE also varied across cancers, similar to the trend observed in primary tumor data from TCGA. Though MESO had only one cell line analyzed, 96% of the total fusions detected turned out to be non-canonical in that cell line. MESO, PAAD, and PRAD cell lines showed a higher percentage of non-canonical fusions than canonical fusions ([Figure 1](#fig1){ref-type="fig"}; [Table S15](#mmc2){ref-type="supplementary-material"}). SARC, LUSC, OV, and THCA cell lines had less than 10% of non-canonical fusions, with SARC showing almost negligible fusions (0.4%).

A large number of recurrent canonical fusions (91 fusions) were identified in more than 35% of the cancer cell lines analyzed across cancers, indicating that fusions present in cell lines are more pervasive across cancers than the ones identified in primary tumors. A few of the recurrent canonical fusions identified in cell lines were also found to be ubiquitous in all of the cancer types we analyzed ([Table S16](#mmc2){ref-type="supplementary-material"}). Two of these recurrent canonical fusions were also identified previously in non-cancerous cells or tissues, which probably points toward a non-oncogenic role for these common fusions.[@bib14]

Canonical fusions in CCLE were mostly formed from the genes located on chromosomes 5, 6, 10, 14, 20, and X in 60%--70% of the cancers analyzed ([Figure S9](#mmc1){ref-type="supplementary-material"}A). Some chromosomes (chromosomes 5, 10, 15, and 20) were frequent hotspots for both canonical and non-canonical fusions in CCLE ([Figure S9](#mmc1){ref-type="supplementary-material"}B). OV and BRCA cell lines had chromosomes 4, 10, 13, 20, and 22 frequently participating in non-canonical fusions. We also identified a high frequency of chromosome Y genes in non-canonical fusions in lung squamous cell carcinoma.

In general, non-canonical fusions in CCLE also followed the same trend as canonical fusions, with some fusions occurring in more than 60% of the cell lines analyzed ([Table S17](#mmc2){ref-type="supplementary-material"}). None of the non-canonical recurrent fusions in CCLE was reported earlier in non-cancerous cells or tissues.[@bib14] Hierarchical clustering analysis of recurrent canonical or non-canonical fusions in CCLE revealed different patterns, except for some cancers of squamous origin (ESCA and HNSC), which clustered together in both groups ([Figures S10](#mmc1){ref-type="supplementary-material"}A, S10B, [S11](#mmc1){ref-type="supplementary-material"}A, and S11B).

Comparison of Fusions Identified in TCGA and CCLE {#sec2.13}
-------------------------------------------------

We sought to compare the fusions shared between primary tumor (TCGA) and cancer cell line (CCLE) samples (1) to corroborate the predictions in two orthogonal systems, and (2) to experimentally validate their existence using cell line cultures. The pool of recurrent fusions identified from CCLE samples was vastly different from those identified in TCGA tumors, with minimal overlap ([Figures S12](#mmc1){ref-type="supplementary-material"}A and S12B). Of the common fusions identified between the two groups, canonical fusions were found to be more common (9%) than non-canonical fusions (2%) ([Table S18](#mmc2){ref-type="supplementary-material"}). Hierarchical clustering analysis of recurrent fusions identified in CCLE and TCGA also revealed separate clusters for primary tumor and cell lines for both canonical and non-canonical fusions, indicating that fusions in cell lines are vastly different from the primary tumors ([Figures 5](#fig5){ref-type="fig"}A--5D).Figure 5Similarity Matrix and Hierarchical Clustering of Recurrent Fusions Identified from TCGA and CCLE(A) Similarity matrix of recurrent canonical fusions predicted from TCGA and CCLE. Cancers were positioned according to their similarity in the fusion landscape. (B) Unsupervised hierarchical clustering of canonical recurrent fusions in TCGA and CCLE. (C) Similarity matrix of recurrent non-canonical fusions predicted from TCGA and CCLE. Cancers were positioned according to their similarity in the fusion landscape. (D) Unsupervised hierarchical clustering of non-canonical recurrent fusions in TCGA and CCLE.

We also compared fusions identified in specific cell lines to corresponding primary tumor data in TCGA to identify tumor-specific fusions. Relatively few fusions were common between cell line primary tumors, and the majority of these common fusions were non-recurrent canonical fusions ([Figure S13](#mmc1){ref-type="supplementary-material"}). Breast cancer had the largest number of common fusions, followed by LUSC, COAD, and HNSC. In contrast to other cancers, breast cancer also had a high frequency of recurrent non-canonical fusions that were common between CCLE and TCGA samples.

Among the total fusions identified in this study, most of them are novel fusions (90%) with only a 10% overlap with those reported in TCGA ([Figure S14](#mmc1){ref-type="supplementary-material"}). The majority of these novel fusions were non-recurrent and non-canonical fusions. Most of the reported fusions in TCGA that are also common between cell lines and TCGA primary tumors were non-recurrent canonical fusions. This suggests that the canonical fusions identified in our study are reliable, warranting further investigation of their functional significance in cancer biology.

Verification of the Predicted Fusions Using the Whole-Genome Sequencing (WGS) Data {#sec2.14}
----------------------------------------------------------------------------------

As fusion transcripts mostly originate due to perturbations in the genome structure, we sought to verify the structural variations around the fusion genes, where corresponding WGS data are available for TCGA samples. Using the BreakDancer tool, WGS samples from skin, bladder, breast, glioblastoma, kidney, and thyroid cancer were analyzed (n = 88). Fusions were considered validated when BreakDancer reported the presence of structural variation for at least one of the participating fusion transcripts. Of the total fusions identified in these samples, 12% of canonical fusions and 18.6% of the non-canonical fusions were validated by BreakDancer ([Table S19](#mmc2){ref-type="supplementary-material"}). However, most cancers had more than half of the fusions validated except for breast cancer and glioblastoma. Large variations in the percentage of validated fusions were observed, with breast cancer being an outlier with very low validation percentage. Among the samples screened for structural variations using BreakDancer, inter-chromosomal translocations (CTXs) and insertions (INSs) were relatively rare compared to other structural variations within a cancer ([Table S20](#mmc2){ref-type="supplementary-material"}). Breast cancer displayed the highest percentage of both intra-chromosomal translocations (ITXs) and inversions (INVs), accounting for the majority of non-canonical fusions identified in these samples.

Since structural variation tools have limitations in identifying complex structural variations often associated with fusions, we also validated our predicted fusions by detecting discordant readpairs mapped to the chromosome locus in the WGS data. More than 90% of the fusions identified in the selected TCGA samples were validated using this method ([Table S21](#mmc2){ref-type="supplementary-material"}). BreakDancer validated less than 20% of the fusions in the same samples, possibly due to the low sensitivity in detecting complex structural variations.[@bib60]

Experimental Validation of Fusion Predictions by Sanger Sequencing {#sec2.15}
------------------------------------------------------------------

We further validated a selected set of our predicted recurrent fusions using several CCLE cell lines by PCR amplification and Sanger sequencing ([Figure 6](#fig6){ref-type="fig"}). Primers were designed to amplify fusion junctions for sequencing. Eight canonical and seven non-canonical fusions identified in the RNA-seq data from nine cell lines (A549, SKBR3, BT-549, UACC-893, BT-474, SKES1, A673, ZR-75, and HDMB) were selected for validation. BT-549, SKES1, A549, and BT-474 had more than one fusion selected for validation ([Table S22](#mmc2){ref-type="supplementary-material"}). Thirteen of the 15 total fusion transcripts tested contained chimeric transcripts in the correct orientation as predicted by ChimeRScope and confirmed by Sanger sequencing. We were also able to validate the existence of non-canonical fusions (at least one partner in antisense orientation: GBA-MTX1, DNHD1-RRP8, PRDM4-PWP1, RPL39L-ST6GAL1, BOP1-MROH1, SPDYE3-UPK3B) in CCLE cell lines, indicating that ChimeRScope can accurately predict fusions containing antisense genes along with canonical fusions ([Figure S15](#mmc1){ref-type="supplementary-material"}).Figure 6ChimeRScope Predictions along with PCR and Sanger Sequencing Results for Selected Fusions(A) Agarose gel electrophoresis of amplicons containing fusion junctions for CLTC-VMP1 and PRKAR1A-PLCB1. (B) Graphical output from ChimeRScope Examiner illustrating the fusion events for CLTC-VMP1 and PRKAR1A-PLCB1. Name of the fusion partners, their original orientations, transcripts that might be involved in the fusion event, along with the highlighted region specifying the region near the fusion junction from each fusion partner are shown. (C and D) Sanger sequencing results confirming the fusions predicted by ChimeRScope for VMP1-CLTC and PLCB1-PRKAR1A fusions respectively.

Breast Cancer Fusion Profiles: Do They Affect Gene Expression, or Reflect Clinical Status? A Case Study {#sec2.16}
-------------------------------------------------------------------------------------------------------

The frequency of recurrent fusions identified within canonical and non-canonical fusions varied across cancers, with breast cancer exhibiting the highest number of recurrent fusions of both kinds ([Figure 1](#fig1){ref-type="fig"}; [Table S1](#mmc2){ref-type="supplementary-material"}). Within these recurrent fusions, non-canonical fusions were more prevalent than canonical fusions in this cancer ([Table S1](#mmc2){ref-type="supplementary-material"}). BRCA samples in TCGA exhibited vast differences in the number of fusions identified per sample. To investigate the clinical and molecular characteristics of breast cancer samples exhibiting varied fusion frequencies, we categorized these samples into high or low fusion groups based on their fusion frequency. We did not detect any major differences in survival between these two groups (Kaplan-Meier estimates, p = 0.08, data not shown). We also compared their gene expression profiles to identify the functional significance of their fusion status. Gene expression analysis using edgeR identified 170 genes that were differentially regulated between breast cancer samples with high or low fusion status (false discovery rate \[FDR\] corrected p ≤ 0.05, absolute log~2~ fold change ≥ 1). Gene set enrichment analysis of these differentially regulated genes revealed several pathways related to hormone regulation, along with the regulation of RNA splicing through spliceosome ([Table S23](#mmc2){ref-type="supplementary-material"}).

Mutual exclusivity of mutations and fusions was recently identified as an important driver of genes in cancer.[@bib28] To investigate whether these selected groups with high or low fusion frequency in breast cancer were driven by either fusions or mutations, the mutation profile of these samples was investigated. TP53 mutations were found to be significantly lower in the samples with high fusion category (23%) when compared to low fusion samples (51%, adjusted p = 0.01) ([Figure 7](#fig7){ref-type="fig"}). The high fusion category had very similar overall mutation frequency compared to low fusion samples.Figure 7Oncoplots of the Mutated Genes in Breast Cancer Samples Containing High or Low Fusion FrequencyThe mutation frequency for each gene is shown on the y axis of each plot. The vertical barplot on the top of each plot represents the total number of gene mutations in each sample. The horizontal bars represent the frequency and type of mutations detected. (A) High fusion group. (B) Low fusion group.

Discussion {#sec3}
==========

This study analyzed 8,883 primary tumor samples spanning 33 cancer types from the TCGA database along with 802 cancer cell lines from CCLE using ChimeRScope and identified several novel fusion transcripts. We limited our analysis only to fusion transcripts that were recurrent (n ≥ 2) either within or across cancers and generated a catalog of frequent high-confidence fusions across pan-cancer primary tumor and cell line samples. Overall, 4,344 fusions were identified from TCGA in this study, of which 30.6% were also reported in the TCGA fusion database (<https://www.tumorfusions.org/>). The high overlap of our data with the reported fusions in TCGA is reassuring since the majority of other fusion detection methods have limited overlap of predicted fusions (2% among all methods and a maximum of 26% across any two methods[@bib25]^,^[@bib31]^,^[@bib61]). ChimeRScope also detected fusions in several of the normal samples, which is consistent with a recent report that fusions are also common in non-tumor cells.[@bib14]

An interesting observation from this study is the identification of a large number of non-canonical fusions that contained antisense transcripts. Only 6 of the 2,605 non-canonical recurrent fusions were also reported in the TCGA fusion database. We also compared our unique fusion list with other fusion databases[@bib62], [@bib63], [@bib64], [@bib65] and found a very similar pattern with a higher number of reported canonical fusions than non-canonical fusions ([Figure S14](#mmc1){ref-type="supplementary-material"}). This observation suggests that most of the fusions identified in our pan-cancer study are novel. These fusions need to be investigated further to determine their functions and impacts on cancer initiation, progression, or treatment resistance.

Compared to all other cancers in TCGA, breast cancer exhibited a very large number of non-canonical fusions in our analysis (78%). This observation is consistent with earlier reports that suggest breast cancer harbors a large number of structural variations compared to other cancers, specifically intrachromosomal translocations and inversions being the most common types.[@bib32]^,^[@bib66] We also detected a high incidence of inversions and intrachromosomal variations in the BRCA-WGS data, which supports a large number of non-canonical fusions identified in breast cancer compared to other cancers ([Table S20](#mmc2){ref-type="supplementary-material"}). A recent report on the transcriptional costs of structural variation in breast cancer identified the presence of genes in opposite transcriptional orientation resulting in stable antisense transcription.[@bib67] The authors were able to identify fusion pairs with genes that had transcriptional orientation either toward or away from each other. We also identified similar fusion patterns with 3′-3′ and 5′-5′ oriented transcripts from our analysis. The presence of fusions containing antisense genes varied across cancer types, indicating that the mechanisms that control the formation of such fusions are possibly unique to each cancer. We also found that several of these fusions recur within and across cancers, suggesting that they are not random transcriptional artifacts. These fusions could either result from frequent structural variations in the genome or due to antisense gene expression. The pervasive expression of antisense transcripts has been reported in many cancers, which accounts for about 38% of the annotated transcripts.[@bib20]^,^[@bib68] These NATs (non-coding natural antisense transcripts \[ncNATs\]) regulate transcription and have been identified in several diseases, including cancer.[@bib69], [@bib70], [@bib71] Since ncNAT expression is higher in cancerous tissues than in normal adjacent tissues,[@bib69] their involvement in oncogenicity through fusions cannot be ruled out.

We were able to verify the genomic bases supporting the majority of the recurrent fusions in selected samples that had WGS data by identifying the structural variation associated with these fusions, which suggests that these fusions resulted from an underlying genomic event.[@bib72] We validated most of the fusions identified by ChimeRScope through discordant read mapping (2,991 fusions validated of 3,000 fusions from 88 TCGA samples) and Sanger sequencing (13 of 15 fusions validated from cell line data from CCLE) of fusion junctions. These data reemphasize the high accuracy of ChimeRScope in predicting fusions from RNA-seq reads. Alternatively, the structural validation tool BreakDancer validated less than 20% of these fusions, possibly due to inherent limitations in its sensitivity or the challenges associated with resolving complex events.[@bib60] Nevertheless, BreakDancer was selected as a structural variation detection tool for validation because this tool was able to detect more translocations, deletions, and inversions compared to other popular tools, such as SVDetect, DELLY, and Meerkat.

Fusion verification using discordant reads from WGS files identified very few recurrent fusions with no underlying genomic support, which is consistent with the reported literature. Often, fusion detection studies in different cancer types are limited to only those fusions having genomic structural variation support.[@bib27] This is largely due to the well-established notion that fusions are typically associated with chromosomal rearrangements,[@bib73]^,^[@bib74] and the possibility of sequencing artifacts that might interfere with fusion detection algorithms.[@bib75] Although the majority of the fusions arise through a genomic structure-altering event, several studies have indicated that transcriptional fusions arise without an underlying genomic event,[@bib19]^,^[@bib76] meaning that chimeric transcripts contribute to about half of the total genes in humans.[@bib13] A recent investigation of transcriptomic and WGS data of 27 cancer types from TCGA identified that 18% of the transcript fusions did not contain any structural variation at the genomic level.[@bib77] Similarly, several novel transcripts including read-through transcripts identified in BRCA did not have any structural variation support.[@bib67] Since our study was limited to only recurrent fusions, their existence is valid because a majority of them had supporting genomic evidence. We speculate that non-recurrent fusions that are often random in nature might arise without a basis at the genomic structure level. The exact mechanisms by which such chimeric transcripts arise without an underlying genomic event are poorly understood and warrant further investigation.

We also identified several transcriptional read-through fusions that are recurrent in various cancers. These fusions also exhibited different patterns across cancer types. OV, LAML, STAD, and ESCA had the highest percentage of read-through fusions in TCGA. We did not identify any fusions belonging to this category in prostate cancer despite several reports of read-through fusions by others.[@bib78], [@bib79], [@bib80], [@bib81] This is probably because most of these studies analyzed non-TCGA samples, and the one study that did analyze TCGA samples used only a limited dataset of 44 prostate cancer and adjacent control samples.[@bib79] In our study, we also detected several read-through fusions in prostate samples, but none has passed our stringent filtering criteria.

Several kinase fusions recurring across cancers were identified in our analysis. Kinases, in addition to being important in oncogenesis, are also attractive drug targets.[@bib82] Our data reconfirm the previous observation that thyroid cancer is one of the cancers that have the highest percentage of recurrent kinase fusions.[@bib33] Consistent with other reports, *CCDC6*-*RET* fusion was found to be the most recurrent in thyroid cancer[@bib33]^,^[@bib83] and was also identified in colon cancer and lung adenocarcinoma at a very low frequency. We found the *SMG1* transcript to be highly promiscuous with several fusion partners across cancers. *SMG1* is involved in nonsense-mediated mRNA decay (NMD) as part of the mRNA surveillance complex that degrades RNA with a premature stop codon and regulates the cellular RNA abundance.[@bib84]^,^[@bib85] Understanding the possible involvement of *SMG1* fusions in the accumulation of non-canonical fusions containing antisense transcripts requires further investigation.

The fusion profile of breast cancer samples exhibited stark differences with other cancers. Breast cancer alone has contributed more than 50% of the total fusions identified in our analysis. It is also interesting that most of the recurrent fusions (78%) were recurrent only within breast cancer and are not found in other TCGA cancer samples ([Table S2](#mmc2){ref-type="supplementary-material"}). We also identified BRCA samples displaying huge variation in the fusion frequencies, suggesting that some of these BRCA samples had higher genomic aberrations, or had defective RNA splicing machinery that resulted in the extraordinary number of fusion transcripts. In addition, *TP53* mutations were almost doubled in patients with low fusions, indicating that mutations on major oncogenes might be mutually exclusive with fusions. A recent study also found that fusions and mutations in driver genes are mutually exclusive across cancer types in TGCA.[@bib28] Differentially expressed pathways between the two groups with high or low fusion frequencies identified genes associated with the negative regulation of mRNA splicing in the high fusion cohort. This deregulation could be vital for fusion transcript generation since splicing defects can result in *trans*-splicing events that give rise to novel fusion transcripts.[@bib86], [@bib87], [@bib88]

Analysis of fusions in 802 tumor-derived cell lines from CCLE using ChimeRScope revealed a high frequency of recurrent fusions across several cell lines irrespective of the tissue of origin. Several reports, including a recent study on recurrent fusions across multiple cancer types, also identified fusions that were frequent across cell lines, but the mechanism behind this phenomenon is unexplored.[@bib89], [@bib90], [@bib91] We also noted huge variability in recurrent fusion profiles among primary tumors and cancer cell lines. We were able to identify only 150 (including both canonical and non-canonical) recurrent fusions that were common between TCGA and CCLE. Although limited in numbers, these common fusions could be exploited to understand their role in cancer biology and their potential use as druggable targets. Cancer cell lines have been widely used as *in vitro* tumor models, and several studies have attempted to find cell lines that have the closest genetic identity to primary tumors.[@bib92], [@bib93], [@bib94], [@bib95] Most of these studies have compared gene expression profiles, copy number variations, and mutation profiles but have not investigated the differences in fusion profiles among the primary tumor and tumor-derived cell lines. When compared to primary tumors, BRCA had the highest frequency of overlapping fusions. These common fusions in BRCA were recurring non-canonical fusions, indicating that non-canonical fusions were also common in cell lines. We also identified several ubiquitous fusions in all of the cell lines analyzed. It would be interesting to inspect the functional consequence of these fusions and study the probable mechanism of fusion formation using cell line models.

Conclusions {#sec3.1}
-----------

Our analysis using ChimeRScope identified several recurrent fusion transcripts that are common across cancers, reemphasizing the need for identifying therapy focused on actionable targets. Basket trials in cancer, targeting common therapeutic targets independent of tissue of origin, is an emerging strategy that is driven by the genomic profile of the patients. Our data also identified several novel recurrent non-canonical fusions containing antisense transcripts that warrant further investigation. We also identified significant differences in the fusions harbored by common tumor-derived cell lines compared to primary tumors, indicating that cell lines might not represent the complete fusion repertoire in patients. Fusions identified in cell lines that are common with the primary tumors could be exploited for functionally validating clinically actionable fusions.

Materials and Methods {#sec4}
=====================

Level 1 paired-end RNA sequencing data (aligned BAM files) from TCGA and CCLE were downloaded from the Genomic Data Commons (GDC) data portal. Aligned BAM files from 8,883 TCGA samples across 33 tumor types along with 802 commonly used cancer cell lines (from CCLE) were analyzed for this study ([Table 1](#tbl1){ref-type="table"}). We also downloaded aligned BAM files from adjacent non-tumor (referred to as normal) tissues from the same patients to serve as control groups. These BAM files were generated by TCGA using a two-pass alignment method with STAR 2.4.2a.[@bib96] Unaligned reads to the reference genome GRCh38 were extracted using SAMtools 1.3 and bedtools 2.24.[@bib97]^,^[@bib98] These unmapped reads in fastq format were used as input to predict fusion transcripts using ChimeRScope.[@bib16] A flowchart summarizing the methods, in brief, is illustrated in [Figure S16](#mmc1){ref-type="supplementary-material"}. The ChimeRScope method contains four functional modules that include Builder, Scanner, Sweeper, and Examiner. First, we used the ChimeRScope Builder to create a gene fingerprint (GF) library for GRCh38 transcriptome with k-mers, where k = 17. ChimeRScope Scanner and Sweeper modules were executed using this GF library as the reference for the k-mers from the unmapped reads using default parameters. Fusions identified in the tumor samples were compared against the fusions from any adjacent normal tissue samples, and common fusions were removed to retain only tumor-specific fusions. However, fusions reported in the COSMIC database (<https://cancer.sanger.ac.uk>) and TICdb database (<https://genetica.unav.edu/TICdb/>) were used as a positive fusion list to retain clinically relevant fusions despite their presence in the adjacent normal tissue. ChimeRScope Sweeper output was further filtered to remove fusions with fusion event supporting reads (FESRs) \<5 to minimize false positives. Furthermore, the adaptor contaminations, homologous genes, and sequences with NCBI-BLAST alignment scores \<200 were all filtered out as suggested by ChimeRScope.[@bib16] Since we also wanted to evaluate the profile of read-through fusions (resulting from the fusion of two adjacent genes in the same coding orientation) that could also be oncogenic, we analyzed them separately. Lastly, the ChimeRScope Examiner module was run with default parameters, and more stringent filters (as described below) were applied to the ChimeRScope Examiner output to further remove potential false positives.

Distribution of reads across the fusion junction: Distribution of reads across the fusion junction: Only fusions containing at least five reads (FESRs) covering the fusion junction and the flanking regions are retained.[@bib16] In-house Python scripts were used to filter out fusions supported by FESRs that do not exhibit the minimum distribution at the participating exon of both genes in a given fusion pair.

Distance from the exon boundaries: the participating exons were divided into three regions: region I, region II, and region III (see [Figure S17](#mmc1){ref-type="supplementary-material"}A). Regions I and III represent the first and last quartiles of an exon, respectively, and hence are closer to exon terminals (designated as E), while the middle half corresponds to region II that is farther from exon terminals (designated as M). Based on this, a fusion was categorized as E-E when both exon breakpoints are in the regions I or III (i.e., near the terminals), E-M when only one of the breakpoints is near the exon terminal, and M-M when both breakpoints are away from the exon terminals. [Figure S17](#mmc1){ref-type="supplementary-material"}B explains the categories and their relationship with the exon regions.

Fusions mapping to the known non-coding RNAs: the fusion sequence reported by ChimeRScope is approximately 100 bases upstream and also downstream of the fusion junction. The fusion sequence was aligned against the NCBI's non-redundant nucleotide sequence (nr) transcriptome reference to remove any possible non-coding RNA matches. After applying all of these filters, we limited our analysis to only the high confidence recurrent fusions (n ≥ 2) within or across cancers. These fusions were further analyzed to identify potential protein-coding in-frame fusions. Transcripts participating in fusions were compared against the cancer gene census from the COSMIC database (<https://cancer.sanger.ac.uk/> downloaded in October 2017) and known human kinases to identify kinases, oncogenes, or tumor suppressors, to focus on genes relevant to cancer. We analyzed the fusion profiles of genes likely to be cancer drivers or therapeutic targets in 10 canonical pathways: cell cycle, Hippo, Myc, Notch, Nrf2, PI3K/Akt, RTK-RAS, TGF-β signaling, p53, and β-catenin/Wnt.[@bib47] Recurrent fusions identified in TCGA were further categorized as druggable when they were identified as therapeutic targets from DEPO[@bib57] (<http://depo-dinglab.ddns.net>), oncoKB[@bib58] (<https://oncokb.org>), or the Cancer Genome Interpreter database[@bib59] (<http://www.cancergenomeinterpreter.org>) to understand their functional relevance to chemotherapy. IPA (<https://www.ingenuity.com>) was used to identify pathways enriched by transcripts that are associated with fusions.

Similarity of Fusions across Cancers {#sec4.1}
------------------------------------

A probability-based similarity measure was derived between all pairwise combinations of cancers based on the predicted proportion of fusions that are shared between cancers. Let *A* and *B* represent the set of fusions in cancer *A* and *B*, respectively. The union of these two sets represents all unique fusions in both sets, denoted as *A* ∪ *B*. The size of the union (sample space) is determined as$$\left| {A \cup B} \right| = \left| A \right| + \left| B \right| - \left| {A \cap B} \right|.$$The assumption here is that the probability distribution is uniform across the sample space. The shared number of fusions between the two cancers is the intersection of *A* and *B*, denoted as *A* ∩ *B*. The probability of each cancer is the fraction of fusions in that particular set compared to all fusions in the union. The "specific mutual information" theory measure gives a relative amount of information shared between two random variables when these variables take on specific values.[@bib99] The similarity measure for two cancers *A* and *B*, called *Sim*(*A*, *B*), was adopted from the information theory and is derived as$$Sim\left( {A,B} \right) = \frac{P\left( {A \cap B} \right)}{P\left( A \right)P\left( B \right)} = \frac{\frac{\left| {A \cap B} \right|}{\left| {A \cup B} \right|}}{\frac{\left| A \right|}{\left| {A \cup B} \right|}\frac{\left| B \right|}{\left| {A \cup B} \right|}}.$$The similarity score, here, is the information shared between two cancers, based on the shared fusions. The value of *Sim*(*A*, *B*) will always be between 0 and 1, where 0 implies no similarity whereas 1 represents 100% similarity between the two cancers. Hierarchical clustering with complete linkage was used to cluster cancers based on the distance matrix using the R package factoextra (<https://cran.r-project.org/package=factoextra>).[@bib100]

Canonical and Non-canonical Fusions {#sec4.2}
-----------------------------------

ChimeRScope was able to predict many fusion transcripts that are fully or partly antisense (mapped to the direction opposite to the reference transcript orientation) with high confidence. Such fusions were identified by mapping sequences at the fusion junction to the reference transcript sequences using the bl2seq module of BLAST. Fusions with both partner transcripts mapped to their reference transcripts in the same orientation were categorized as canonical, whereas when one or both of the transcripts were mapped in an antisense orientation, such fusions were categorized as non-canonical. These non-canonical fusions were also manually curated by inspecting the reads mapped to these transcripts in corresponding BAM files.

Verification of Fusion Transcript Predictions Using Whole-Genome Data {#sec4.3}
---------------------------------------------------------------------

The TCGA WGS data on 88 samples from breast, glioblastoma, kidney, bladder, and skin cancers were downloaded. BreakDancer (version 1.1)[@bib101] was run on the WGS data, and somatic rearrangements were identified. A fusion predicted by ChimeRScope was validated when the evidence of somatic rearrangements in the genome was within a window size of 1 Mb from the fusion breakpoint. Fusions in the same WGS samples were also validated using SAMtools[@bib97] by identifying discordant reads mapping to partner genes as reported previously.[@bib28] Briefly, discordant reads were extracted from the WGS reads using SAMtools, and the genomic locations of these reads were compared to the predicted fusion breakpoints from ChimeRScope. A Python script was used to match the position of the discordant reads in the WGS BAM file with a fusion breakpoint, and a match is considered when the position of the discordant read is within 1 MB of a fusion breakpoint. The python script used for WGS validation is hosted on GitHub (<https://github.com/unmc-abrar/Python-Match-SV>).

Validation of Predicted Fusions by Sanger Sequencing {#sec4.4}
----------------------------------------------------

Fusions identified by ChimeRScope in selected cell line data from CCLE were also validated using PCR amplification and Sanger sequencing. Fusions were selected for validation based on their recurrent nature and or functional significance. A total of eight canonical and seven non-canonical fusions identified in the RNA-seq data from eight CCLE cell lines and one in-house dataset were selected for validation ([Table S22](#mmc2){ref-type="supplementary-material"}). These selected cell lines were cultured under standard conditions, and total RNA was extracted as per standard protocol using a RNeasy mini kit (QIAGEN). RNA extracted from these cell lines was converted into cDNA using a first-strand cDNA synthesis kit (Thermo Fisher Scientific) as per the manufacturer's protocol, followed by PCR using the oligonucleotide primers designed using Vector NTI Advance (version 11.5.4) or Primer3Plus[@bib102] ([Table S22](#mmc2){ref-type="supplementary-material"}). PCR was performed for each primer set using either the standard Taq PCR kit (New England Biolabs) or the One Taq PCR kit with GC buffer (New England Biolabs) depending on the GC content of the target sequences. All PCR products were analyzed on 2% agarose gels. The PCR products of the expected amplicon size were extracted from the agarose gel using the Zymoclean gel DNA recovery kit (Zymo Research). All amplicons extracted from the agarose gel were Sanger sequenced using Applied Biosystems (ABI) 3730 DNA analyzer as per the manufacturer's protocol.

Case Study: Breast Cancer {#sec4.5}
-------------------------

Breast cancer was selected for a detailed study, as ChimeRScope has predicted by far the highest number of fusions in this cancer in our analysis. Breast cancer samples analyzed in this study were divided into four quartiles based on the number of predicted fusions sorted in ascending order, and samples belonging to the first and fourth quartiles were identified as low and high fusion groups, respectively. These two groups were further analyzed for differences in their clinical characteristics, gene expression, and structural variation profiles. Differences in clinical features were analyzed using Fisher's exact test. The R package edgeR was used to identify differentially expressed genes between the two groups.[@bib103] A gene was considered to be differentially expressed when the FDR corrected p value was below or equal to 0.05 and the absolute log~2~ fold change was above 1. Gene set enrichment analysis (GSEA) was used to identify enriched upregulated and downregulated pathways among the high and low fusion groups.[@bib104] An enrichment score for the differentially expressed gene set was calculated, which is a weighted Kolmogorov-Smirnov-like statistic, and a positive (negative) normalized enrichment score (NES) was computed.[@bib104] The nominal p value of the NES was calculated based on 1,000 permutations and a GO term with a NES score ≥1.5, and a nominal p value ≤0.05 was considered significant.[@bib105] Somatic mutations for the breast cancer TCGA cohort were extracted from the MAF file available for download from the TCGA GDC website. A Bioconductor package, maftools, was used to analyze and estimate the mutation load among high or low fusion samples in breast cancer.[@bib106]
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[^1]: Percent contribution of samples analyzed in each dataset is included in the parenthesis.
